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As the amount of data generated by monitoring the condition of rolling bearings is increasing, it has become a research hotspot in
recent years to dig valuable information from massive data and identify unknown bearing states. In Internet technology, the
collaborative filtering recommendation technology provides users with an intelligent means of filtering information. Aiming at
the difficulty in designing the recommendation system scoring matrix in the field of fault diagnosis, we first obtain the bearing
feature matrix based on the wavelet frequency band energy and then design a scoring matrix that accurately describes the bearing
state; finally, we design a joint scoring matrix for bearing state identification by combining the matrix of these two different
characteristics. After that, a collaborative filtering recommendation system for bearing state identification is proposed based on
matrix factorization-based collaborative filtering and gradient descent algorithm. *is method is used to identify and verify two
types of fault data of rolling bearing: different position faults and different types of faults on the outer ring. *e results show that
the accuracy of the two identifications has reached more than 90%.

1. Introduction

Rolling bearings are the most widely used general me-
chanical parts in various mechanical equipment. Whether its
running state is normal or not often directly affects the
performance of the whole machine, so it has important
practical significance for condition monitoring and fault
diagnosis of rolling bearings [1, 2]. As the amount of data
generated by the monitoring of the condition of rolling
bearings is increasing, the problem of information overload
of state monitoring data is gradually becoming more
prominent. It has become a research hotspot in recent years
to dig valuable information from massive data and identify
unknown bearing states.

In Internet technology, the recommendation system is
an effective solution to solve the problem of information
overload. *e design goal of the recommendation system is
to provide users with an intelligent means of filtering

information when users are unable to process massive
amounts of information [3–6]. Specifically, the recom-
mendation system learns the user’s interests and behavior
patterns by collecting and analyzing various data of the user,
thereby recommending the information and services they
need for the user.

Among the many recommended methods, collabora-
tive filtering is currently the most widely used algorithm.
*e core idea of collaborative filtering is [7] to analyze user
interests based on the user’s behavior record and find
neighbor users in the user group that are similar to the
target user (interest) and then integrate the evaluation of
certain information by these neighboring users to form a
prediction of the system’s preference for the target user.
Finally, the system will make corresponding recommen-
dations based on these preferences. For the black-start
decision problem, Leng et al. [8] propose a novel black-start
decision-making method based on collaborative filtering.
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In the proposed method, the values in the decision matrix
are withheld, and the collaborative filtering technique is
adopted to predict the withheld values. Based on the
prediction values and true values, the Mean Absolute Error
(MAE) weights of all the indexes are obtained. Finally, the
MAE weights are used to compute the overall assessment
value of each black-start scheme. Because of the overload in
the electronic medical data and serious shortage of medical
resources, Ma et al. [9] combine Skyline queries and the
scoring method based on collaborative filtering in local
areas and proposed a recommendation algorithm for in-
telligent personalized guidance. Hu et al. [10] explore the
Gene Interest (GI) and recommend the genes for individual
patients and propose a novel TOP-N Gene-based Collab-
orative Filtering (GeneCF) algorithm based on GI of pa-
tients. *e GeneCF algorithm is aimed for matching more
accurate recommendations about genes to the patients,
with exceptional precision and coverage achieved. Col-
laborative filtering recommendation technology has
achieved varying degrees of success in various fields for
the problem of information overload and personalized
recommendation.

However, in the field of mechanical fault diagnosis, it is
difficult to design a reasonable scoring matrix, and the
application of the collaborative filtering recommendation
technology to the field is still in its infancy. Xu [11] applies
collaborative filtering theory in the fault diagnosis field of
civil aircrafts. Similarities between faults in the theory are
calculated by the Pearson method and vector cosine
method. By analyzing the defects of the collaborative fil-
tering method, the concept of metasimilarity and weight is
applied to solve these problems. Guo [12] makes failure
recommendation for online electric multiple units by
using collaborative filtering algorithms based on the real-
time status data and further provides the accessible scheme
for failure by solution knowledge base. But the above
methods all belong to memory-based collaborative fil-
tering. *is method relies on the calculation of the sim-
ilarity of faults. Moreover, the sparseness of fault data
often leads to inaccurate similarity calculation, and it is
impossible to identify more universal conditions and more
general faults.

Aiming at the difficulty in designing the recommen-
dation system scoring matrix in the field of fault diagnosis,
we first obtain the bearing feature matrix based on the
wavelet frequency band energy and then design a scoring
matrix that accurately describes the bearing state; finally,
we design a joint scoring matrix for bearing state identi-
fication by combining the matrix of these two different
characteristics. After that, a collaborative filtering recom-
mendation system for bearing state identification is pro-
posed based on matrix factorization-based collaborative
filtering and gradient descent algorithm. *is method is
used to identify and verify two types of fault data of rolling
bearing: different position faults and different types of
faults on the outer ring. *e results show that the accuracy
of the two identifications has reached more than 90%.

2. Matrix Factorization-Based
Collaborative Filtering

Collaborative filtering can usually be divided into two
categories [13–15]: memory-based collaborative filtering
and model-based collaborative filtering. Matrix factoriza-
tion is an important method in model-based collaborative
filtering.

In the following, the movie recommendation system is
taken as an example to introduce the matrix factorization-
based collaborative filtering [16, 17].

Table 1 is the “User-Movie” score table, from which the
“User-Movie” scoring matrix R ∈ Rm×n can be obtained:
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where m is the number of movies and n is the number of
users.

*e i-th row and the j-th column element of R (denoted
as r

(j)
i ) is the score of user i for movie j. User imay not have

scored all movies, and the goal of the movie recommen-
dation system is to give the user a predicted score for a movie
whose score is missing and to give recommendations to the
user accordingly.

*e idea of matrix factorization-based collaborative
filtering is to factorize the higher-dimensional “User-Movie”
scoring matrix into the product of two lower-dimensional
matrices, and the two low-dimensional matrices are the user
feature vector matrix and movie vector feature matrix.
Suppose Θ ∈ Rn×k is the user feature vector matrix and
X ∈ Rm×k is the movie feature vector matrix. *e i-th row of
Θ is the feature vector of user i (denoted as θ(i)).*e j-th row
of X is the feature vector of movie j (denoted as x(j)).
R≃XΘT is shown in the following equation:
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(2)

*e main task of matrix factorization-based collabora-
tive filtering is the learning of the model, that is, using the
existing scoring data to learn the best user feature matrix Θ
and the movie feature matrix X. Once the two matrices are
obtained, they can be used to get user i’s predicted score r̂

(j)

i

for movie j:

r̂
(j)

i � θ(i)
x

(j)
 

T
. (3)

*e loss function of a single scoring example (for existing
scoring records) is defined by the square of the error as
follows:

2 Shock and Vibration



L θ(i)
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i 
2
. (4)

For a sample set containing n0 samples, the overall cost
function is as follows:

L(Θ,X,R) �
1
n0


(i,j)∈G

L θ(i)
, x

(j)
, r

(j)
i , (5)

where G is the set of all “User-Movie” score records in the
sample set.

*e training of the matrix factorization model can ac-
tually be described by the following minimization problem:

(Θ,X) � arg min
(Θ,X)

L(Θ,X,R), (6)

that is, looking for suitable parametersΘ and X to minimize
the overall cost function in equation (5).

To prevent overfitting, plus a regularization term
(penalty term), the complete description is

(Θ,X) � arg min
(Θ,X)

L(Θ,X,R) + λ ‖Θ‖
2

+‖X‖
2

  , (7)

where λ is the regularization coefficient.
*e gradient descent method is one of the methods used

to deal with the above minimization problem. *e pro-
cessing of the gradient descent method is as follows:

(1) Select the appropriate feature vector dimension k
and the regularization coefficient λ. Initialize Θ and
X with a small random number.

(2) For each sample in the sample set (user i, movie j,
score r

(j)
i ):

(a) Calculating prediction error:

δi,j � r
(j)
i − r̂

(j)

i . (8)

(b) Update θ(i) and x(j) as follows:

θ(i)
� θ(i)

+ α δi,jx
(j) − λθ(i)

 ,

x
(j)

� x
(j)

+ α δi,jθ
(i) − λx

(j)
 .

(9)

(c) Repeat (b) until the cost function converges.

3. Collaborative Filtering Recommendation
System for Bearing State Identification

Matrix factorization-based collaborative filtering is built on
the corresponding scoring matrix. However, for the iden-
tification of the state of the rolling bearing, there is no
specific scoring rule, and the corresponding scoring matrix
cannot be established. Wavelet frequency band energy can

reflect the state of the rolling bearing well, and the bearing
feature matrix is obtained by relying on the wavelet fre-
quency band energy in this paper. *e level of the score can
reflect the degree of “likes” very well; based on this, this
paper designs a scoring matrix that accurately describes the
bearing state. Finally, this paper combines the two organi-
cally to obtain the joint scoring matrix for bearing state
identification. On the basis of the joint scoring matrix, this
paper proposes a collaborative filtering recommendation
system for bearing state identification, based on matrix
factorization-based collaborative filtering and gradient de-
scent algorithm.

Assume that there are total u sets of rolling bearing
vibration signal data S(1), . . . , S(h), S(h+1), . . . , S(u), and these
rolling bearings have total v different types of states
Z(1), . . . , Z(v). Know the state of the first h sets of training
data S(1), . . . , S(h), and the collaborative filtering recom-
mendation system is now utilized to identify the status of the
last u− h sets of test data S(h+1), . . . , S(u).

Decompose the signal data S(i)(i � 1, . . . , h, h + 1, . . . , u)

into a layers using wavelet packets to obtain total b � 2a − 1
subbands. So, the total signal S(i) can be expressed as follows
[18]:

S
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a1 + · · · + S

(i)
ab . (10)

Let S(i)
aw(w � 0, 1, . . . , b) correspond to the energy E(i)

aw,
and then

E
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2
dt. (11)

*e total energy of the signal is

E
(i)

� 
b

w�0
E

(i)
aw. (12)

Normalized feature vector T(i) of energy S(i) is con-
structed as follows:

T(i)
� e

(i)
a0 , e

(i)
a1 , · · · , e

(i)
ab , (13)

where e(i)
aw � E(i)

aw/E
(i) and e(i)

aw ∈ (0, 1).
According to the feature vector, this paper designs a

bearing feature score table, as shown in Table 2, and obtains
the corresponding scoring matrix A ∈ R(b+1)×u, as shown in
the following equation:
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According to the corresponding state of the bearing,
this paper designs the state score table of the bearing, as
shown in Table 3, and obtains the corresponding scoring
matrix B ∈ Rv×u, as in equation (15). For the training data
S(1), . . . , S(h), its corresponding state score is given a
maximum value of 1, while the nonexistent state score
is given a small value ε(≤ 1/10000). For test data
S(i′)(i′ � h + 1, . . . , u), its score for state Z(t)(t � 1, . . . , v) is
unknown, giving a value of 0, denoted as p

(i′)
t :

Table 1: “User-Movie” score table.

User 1 User 2 · · · User n

Movie 1 r
(1)
1 r

(1)
2 · · · r(1)

n

Movie 2 r
(2)
1 r

(2)
2 · · · r(2)

n

⋮ ⋮ ⋮ ⋱ ⋮
Movie m r

(m)
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n
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In this paper, the bearing feature scoring matrix A and
the bearing state scoring matrix B are combined to obtain
the joint scoring matrix C for bearing state identification, as
shown in the following equation:

C �
A

B
 , (16)

where C ∈ Rd×u and d � b + 1 + v.
Our goal is to factorize the joint scoring matrix C of the

bearing state identification into the product of two feature
matrices Θ ∈ Ru×k and X ∈ Rd×k, namely, C≃XΘT, as
shown in the following equation:
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Find the optimal parametersΘ andX using the following
equation to minimize the overall cost function L(Θ,X,C):

(Θ,X) � arg min
(Θ,X)

L (Θ,X,C) + λ ‖Θ‖
2

+‖X‖
2

  , (18)

where λ is the regularization coefficient.
Finally, the gradient descent method is used to optimize

the parameters, and then the predicted score p
(i′)
t of the test

data S(i′) for the state Z(t) is obtained:

p
i′( )

t � θ i′( ) X(t)
 

T
. (19)

*en, the state Z(t) corresponding to the highest score
maxp

(i′)
t , that is, the state of the identification test data S(i′) is

obtained.

4. Instance Verification

4.1. Instance Verification of Different Fault Forms Identifi-
cation of Bearing Outer Ring. Deep groove ball bearings of
type 6205EKA are selected for pitting (Figure 1(a)), outer
ring crack (Figure 1(b)), outer ring current damage
(Figure 1(c)), and normal four states. In the motor speeds
600 rpm and 1200 rpm, 95 sets of outer ring pitting cor-
rosion, 96 sets of outer ring crack, 139 sets of current
damage, and 94 sets of normal, and total 424 sets of time-
series data samples were obtained by using the bearing test
bench, as shown in Figure 2(a). Vibration acceleration
sensors are arranged, as shown in Figure 2(b), using B&K’s
PULSE data acquisition system. Sampling frequency is
16384Hz and sampling time 10 s.

*e 422 sets of data samples are divided into three parts
randomly: training set (255 sets), cross-validation set (84
sets), and test set (85 sets). According to the design method
of the state identification scoring matrix proposed in this
paper, based on experience, selecting Daubechies wavelet
(D2) as the wavelet basis and implementing wavelet packet
five-layer decomposition, the state identification scoring
matrix of three data sets is obtained, respectively. *en, the
bearing state is identified using the method proposed in this
paper.

Table 4 shows the joint score for cross-validation set
bearing status identification (x1 to x85 is the cross-validation
set, and x86 to x340 is the training set).

Using different regularization coefficients λ and feature
number k, relying on the training set learning model, using the
cross-validation set for state identification, the identification
rate is obtained, as shown in Table 5 and Figure 3. According to
this, when λ � 0.002, k � 5, or λ � 0.0025, k � 5, the state
identification rate on the cross-validation set reached 92.86%.

Table 6 shows the bearing status predicted scores for the
cross-validation verification set when λ � 0.002, k � 5.

Select λ � 0.002, k � 5, and λ � 0.0025, k � 5, respectively,
to evaluate the performance of the model on the test set and
obtain the recognition rates of 91.76% and 87.06%, respectively,
which proves that the model has good generalization ability
under this parameter. Taking λ � 0.002, k � 5, as an example,
Table 7 shows the specific identification result of the model for
various states on the test set.

Table 3: Bearing state score table.

Tr S(1) · · · Tr S(h) Te S(h+1) · · · Te S(u)

State Z(1) 1 · · · ε p
(h+1)
1 · · · p

(u)
1

State Z(2) ε · · · ε p
(h+1)
2 · · · p

(u)
2

⋮ ⋮ ⋱ ⋮ ⋮ ⋱ ⋮
State Z(v) ε · · · 1 p(h+1)

v · · · p(u)
v

Table 2: Bearing feature score table.

Tr1 S(1) · · · Tr S(h) Te2 S(h+1) · · · Te S(u)

S
(i)
a0 -Bef

3 e
(i)
a0 e

(1)
a0 · · · e

(h)
a0 e

(h+1)
a0 · · · e

(u)
a0

S
(i)
a1 -Bef e

(i)
a1 e

(1)
a1 · · · e

(h)
a1 e

(h+1)
a1 · · · e

(u)
a1

⋮ ⋮ ⋱ ⋮ ⋮ ⋱ ⋮
S

(i)
ab -Bef e

(i)
ab e

(1)
ab · · · e

(h)
ab e

(h+1)
ab · · · e

(u)
ab

1Training data; 2test data; 3band energy feature.
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Figure 1: (a) Outer ring pitting; (b) outer ring crack; (c) outer ring current damage.

d1

d1

d3

d2

d2

8 9

7654

10

321

Figure 2: (a) Bearing test bench (① electric motor; ② insulated coupling; ③ principal axis; ④ supporting bearing pedestal; ⑤ current
loading device;⑥ test bearing’s bearing pedestal;⑦ vibration acceleration sensor;⑧ insulated bearing;⑨ base;⑩ current simulator); (b)
sensors’ arrangement. d1, d2, and d3 represent direction 1, direction 2, and direction 3, respectively.

Table 4: Joint score for the cross-validation set bearing status identi cation.

x1 x2 . . . x85 x86 . . . x339 x340
e50 0.107855 0.121769 . . . 0.076591 0.070221 . . . 0.121609 0.127601
e51 0.079691 0.076302 . . . 0.122442 0.102682 . . . 0.082697 0.082221
e52 0.067798 0.070367 . . . 0.081799 0.064992 . . . 0.063342 0.066291
e53 0.070323 0.069303 . . . 0.096681 0.082022 . . . 0.071368 0.070669
e54 0.04794 0.048428 . . . 0.033375 0.041733 . . . 0.049469 0.042561
e55 0.054301 0.055468 . . . 0.060952 0.071479 . . . 0.05622 0.050307
e56 0.06278 0.057852 . . . 0.075186 0.070471 . . . 0.060887 0.060675
e57 0.059346 0.061022 . . . 0.071271 0.07906 . . . 0.055437 0.053421
⋮ ⋮ ⋮ ⋱ ⋮ ⋮ ⋱ ⋮ ⋮
e528 0.014773 0.014438 . . . 0.008906 0.011688 . . . 0.014298 0.015803
e529 0.01441 0.014406 . . . 0.012334 0.014438 . . . 0.015065 0.015315
e530 0.015631 0.013284 . . . 0.007928 0.008141 . . . 0.013922 0.015377
e531 0.014842 0.014532 . . . 0.011126 0.01376 . . . 0.013662 0.01512
State 1 0 0 . . . 0 1.00E−05 . . . 1.00E−05 1.00E−05
State 2 0 0 . . . 0 1.00E−05 . . . 1.00E−05 1
State 3 0 0 . . . 0 1.00E−05 . . . 1 1.00E−05
State 4 0 0 . . . 0 1 . . . 1.00E−05 1.00E−05

Table 5: Cross-validation set identi cation rate.

k
λ

0.0015 (%) 0.002 (%) 0.0025 (%) 0.003 (%) 0.0035 (%) 0.004 (%)
4 60.71 72.62 72.62 71.43 70.24 70.24
5 78.57 92.86 92.86 90.48 90.48 88.10
6 67.86 84.52 82.14 82.14 80.95 77.38
7 70.24 85.71 84.52 84.52 84.52 80.95
8 69.05 91.67 91.67 91.67 89.29 89.29
9 67.86 77.38 79.76 80.95 79.76 78.57
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4.2. Instance Veri�cation of Fault Identi�cation in Di�erent
Locations. In order to further verify the e�ectiveness of the
fault identi cation method proposed in this paper, this sec-
tion identi es the bearings fault in di�erent locations. Data
from public data were provided by Case Western Reserve
University Bearing Data Center. Select the vibration accel-
eration data of the drive end bearing at the sampling fre-
quency of 12000Hz. �e 450 sets of time-series data samples
were sorted out, including four types of data: normal (10 sets),
inner ring fault (160 sets), ball fault (160 sets), and outer ring
fault (120 sets). �e 450 sets of data samples are divided into
three parts randomly: training set (270 sets), cross-validation
set (90 sets), and test set (90 sets). According to the design
method of the state identi cation scoring matrix proposed in
this paper, based on experience, selecting Daubechies wavelet

(D2) as the wavelet basis, and implementing wavelet packet
 ve-layer decomposition, the state identi cation scoring
matrix of three data sets is obtained, respectively. �en, the
bearing state is identi ed using the method proposed in this
paper.

Table 8 shows the joint score for cross-validation set
bearing status identi cation (x1 to x90 is the cross-validation
set, and x91 to x360 is the training set).

Using di�erent regularization coe�cients λ and feature
number k, relying on the training set learning model, using
the cross-validation set for state identi cation, the identi-
 cation rate is obtained, as shown in Table 9 and Figure 4.
According to this, when λ � 0.002, k � 7, or λ � 0.003, k � 7,
the state identi cation rate on the cross-validation set
reached 94.44%.
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Figure 3: Cross-validation set identi cation rate.

Table 6: Cross-validation set identi cation rate.

x1 x2 x3 x4 x5 . . . x81 x82 x83 x84
State 1 0.522227 −0.00886 −0.04339 −0.09916 −0.00159 . . . 0.011181 0.014468 0.010856 0.017441
State 2 −0.00146 0.404873 0.492776 0.445272 0.426484 . . . 0.721883 0.356372 0.896745 0.245925
State 3 0.087659 0.534854 0.451031 0.556868 0.580215 . . . −0.03282 0.031399 −0.14895 0.046512
State 4 0.390471 0.065901 0.088267 0.094759 −0.0029 . . . 0.00421 0.001383 −0.05291 0.036446

Table 7: Test set identi cation e�ect.

Bearing state Number of test samples
Identi cation result

State identi cation rate (%)
Correct Wrong

Outer ring pitting 17 13 4 76.47
Outer ring crack 19 16 3 84.21
ORCD 28 28 0 100
Normal 21 21 0 100
Total 85 78 7 91.76
ORCD, outer ring current damage.
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Table 10 shows the bearing status predicted scores for the
cross-validation veri cation set when λ � 0.002, k � 7.

Select λ � 0.002, k � 7, and λ � 0.003, k � 7, respectively,
to evaluate the performance of the model on the test set, and
obtain the recognition rates of 94.44% and 92.22%,
respectively, which proves that the model has good

generalization ability under this parameter. Taking
λ � 0.002, k � 7, as an example, Table 11 shows the speci c
identi cation result of the model for various states on the
test set.

5. Discussion

In the above veri cation experiment, the identi cation rate
of the bearing state has reached more than 90%. Continuing
to improve the identi cation accuracy of the algorithm, the
future work is mainly carried out in three aspects: expand the
number of samples and depth optimization model param-
eters and establish bearing status feature score table with
comprehensive information (not limited to wavelet energy
features).

�e bearing fault identi cation method based on col-
laborative  ltering recommendation technology proposed
in this paper has a unique fault scoring mechanism. �e
level of scoring for di�erent states of the bearing represents
the sensitivity of the corresponding state; the same bearing
has a corresponding rating for di�erent states; new data
samples are also easily integrated into existing fault
identi cation models to improve fault identi cation ac-
curacy. In the case of more and more mechanical equip-
ment information, the amount of data is getting larger and
larger, the mechanism of fault occurrence is complicated,
and multiple faults are frequently combined; this method

Table 8: Joint score for cross-validation set bearing status identi cation.

x1 x2 . . . x90 x91 . . . x359 x360
e50 0.053138 0.036869 . . . 0.033825 0.027941 . . . 0.048059 0.053252
e51 0.073198 0.026177 . . . 0.048605 0.037666 . . . 0.062422 0.062114
e52 0.070792 0.136093 . . . 0.056191 0.072095 . . . 0.063002 0.069405
e53 0.075327 0.080004 . . . 0.053023 0.069575 . . . 0.067859 0.076574
e54 0.022632 0.048413 . . . 0.028697 0.0312 . . . 0.044817 0.034894
e55 0.03673 0.032928 . . . 0.033403 0.032265 . . . 0.039662 0.031549
e56 0.060161 0.109084 . . . 0.049262 0.053877 . . . 0.056206 0.061923
e57 0.050167 0.06741 . . . 0.042447 0.047686 . . . 0.053472 0.047262
⋮ ⋮ ⋮ ⋱ ⋮ ⋮ ⋱ ⋮ ⋮
e528 0.009972 0.016758 . . . 0.012218 0.015228 . . . 0.015415 0.013733
e529 0.020016 0.011045 . . . 0.026895 0.014438 . . . 0.021205 0.020014
e530 0.028539 0.009482 . . . 0.012605 0.028582 . . . 0.010089 0.028035
e531 0.025023 0.00939 . . . 0.030488 0.027706 . . . 0.019677 0.025716
State 1 0 0 . . . 0 1.00E−05 . . . 1.00E−05 1.00E−05
State 2 0 0 . . . 0 1.00E−05 . . . 1 1.00E−05
State 3 0 0 . . . 0 1 . . . 1.00E−05 1
State 4 0 0 . . . 0 1.00E−05 . . . 1.00E−05 1.00E−05

Table 9: Cross-validation set identi cation rate.

k
λ

0.001 (%) 0.002 (%) 0.003 (%) 0.004 (%) 0.005 (%) 0.006 (%)
7 88.22 94.44 94.44 92.22 92.22 87.78
8 77.78 93.33 92.22 84.44 77.78 77.78
9 81.11 88.89 81.11 77.78 83.33 77.78
10 83.33 90.00 85.56 86.67 80.00 80.00
11 84.44 87.78 83.33 87.78 77.78 82.22
12 84.44 87.78 93.33 91.11 87.78 86.67
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Figure 4: Cross-validation set identi cation rate.
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has a good prospect for the identification of the severity of
the fault (the level of the score) and the multiple faults (the
score of the different states).

6. Conclusions

*is paper applies collaborative filtering technology to the
field of mechanical equipment fault identification. In Section
2 of this paper, the movie recommendation system is taken
as an example to introduce the matrix factorization-based
collaborative filtering. In Section 3, a collaborative filtering
recommendation algorithm based on matrix factorization-
based collaborative filtering for fault state recognition is
proposed. Section 4 carries out instance verifications. Sec-
tion 5 discusses the ways to improve the method and the
advantages and potential of the method proposed in this
paper. For the identification of the rolling bearing status, this
paper proposes a design method of the scoring matrix.
Firstly, the bearing feature matrix is obtained by relying on
the wavelet frequency band energy. *en, since the level of
the score can reflect the degree of “likes” very well, the
scoring matrix that accurately describes the bearing state is
designed. Finally, we design a joint scoring matrix for
bearing state identification by combining the matrix of these
two different characteristics. On the basis of the joint scoring
matrix, this paper proposes a collaborative filtering rec-
ommendation system for bearing state identification, based
on matrix factorization-based collaborative filtering and
gradient descent algorithm.

Experiments were carried out on the normal bearings
and bearings of pitting, crack, and current damage on the
outer ring of the rolling bearing, and the vibration signal
data were obtained. Combined with the vibration data of
fault in outer ring, ball, and inner ring of the existing rolling
bearing, the method proposed in this paper is used to
identify and verify it. Use different regularization coefficients
λ and number of features k, relying on the training set to
learn the model and use the cross-validation set for state
identification. Select the set of parameters with the highest
identification rate on the cross-validation set and use it to
identify the test set to evaluate the generalization ability of

the selected parameters. *e results show that the method
can effectively identify the bearing state, and the optimized
parameters have good generalization ability.
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